ABSTRACT Motivation: Microarray technology enables the monitoring of expression levels for thousands of genes simultaneously. When the magnitude of the experiment increases, it becomes common to use the same type of microarrays from different laboratories or hospitals. Thus, it is important to analyze microarray data together to derive a combined conclusion after accounting for the differences. One of the main objectives of the microarray experiment is to identify differentially expressed genes among the different experimental groups. The analysis of variance (ANOVA) model has been commonly used to detect differentially expressed genes after accounting for the sources of variation commonly observed in the microarray experiment. Results: We extended the usual ANOVA model to account for an additional variability resulting from many confounding variables such as the effect of different hospitals. The proposed model is a two-stage ANOVA model. The first stage is the adjustment for the effects of no interests. The second stage is the detection of differentially expressed genes among the experimental groups using the residuals obtained from the first stage. Based on these residuals, we propose a permutation test to detect the differentially expressed genes. The proposed model is illustrated using the data from 133 microarrays collected at three different hospitals. The proposed approach is more flexible to use, and it is easier to accommodate the individual covariates in this model than using the meta-analysis approach. Availability: A set of programs written in R will be electronically sent upon request.
INTRODUCTION
Microarray technology has important applications in pharmaceutical and clinical research. By comparing gene expression in control and tumor tissues, for example, microarrays can be used to identify tumor-related genes and targets for therapeutic drugs. In microarray experiments, the identification of differentially expressed genes is an important issue. Statistical test procedures have served as useful tools for identifying the differentially expressed genes. For a single slide experiment, a simple cutoff method was proposed to identify the differentially expressed genes (Chen et al., 1997) . In addition, a hierarchical Bayesian model was proposed using the posterior odds of change (Newton et al., 2001) . Presently, the importance of replication in microarray experiments has been revealed by many researchers, mainly for increasing the precision of estimated quantities and to provide information with regard to the uncertainty of estimates (Kerr and Churchill, 2001 ; Lee et al., 2000) . Recently, many statistical models have been proposed for analyzing multiple slides (Kendziorski et al., 2003; Efron et al., 2001; Kerr et al., 2000; Park et al., 2003; Ideker et al., 2000; Dudoit et al., 2002 Dudoit et al., , 2003 Tusher et al., 2001; Pan, 2003) .
With an increase in the number of microarrays, however, the sources of errors also increase. For example, the microarray experiment in our study was conducted at three different hospitals. The main objective of the study was to identify the differentially expressed genes between control tissues and tumor tissues. As expected, the hospitals served as an important source of variability in our microarray experiment. The main interest of this study was not a comparison among the hospitals but identification of the differentially expressed genes after accounting for differences among the hospitals.
Recently, statistical approaches based on meta-analysis have been proposed in order to combine independent and heterogeneous microarray studies (Rhodes et al., 2002 (Rhodes et al., , 2004 Choi et al., 2003a,b) . The key idea of meta-analysis is to combine the summary statistics from each study in which the commonly used summary statistics are significant levels (p-values) and effect sizes. These summary statistics are combined across different studies to estimate the overall summary statistic.
In this article, we propose an alternative statistical procedure to identify genes that have different gene expression profiles in the presence of many controlling variables. We extend the usual analysis of variance (ANOVA) model to account for an additional variability resulting from many confounding variables such as hospitals. The key idea in this approach is to consider hospitals as one of the controlling variables in the model. The proposed model provides an integrated analysis of microarray data from multiple sources. It is a two-stage ANOVA model. The first stage is the adjustment for the effects of no interests. The second stage is the detection of differentially expressed genes among the experimental groups by using the permutation test based on the residuals from the first stage. The proposed model is illustrated using the data from 133 microarrays collected at three different hospitals.
The article is organized as follows. The proposed ANOVA models and test procedures are presented in Section 2. Test statistics with false discovery rate (FDR) are also discussed. The results of the analysis are presented in Section 3. Finally, the concluding remarks are summarized in Section 4.
MATERIALS AND METHODS

Materials
Four independent cDNA microarray datasets were generated from three hospitals using two different chips, as described in Choi et al. (2003a) . In summary, Chip 1 contains 10 336 human cDNA clones that were verified by single pass sequencing. Chip 2 contains 10 368 human cDNA clones. The chips were cDNA chips with two-colors, where the method of labeling samples and controls is described in Table 1 . The spot intensities were computed using GenePix Pro5.x (Axon). The resolution of each image file was 2049 · 3802 and its size is $50-60 Mb. The wavelengths of fluorescence were 635 nm for Cy5 and 532 nm for Cy3. Further detailed description of chips used in the microarray experiment has been uploaded in Gene Expression Omnibus (GEO) site (http://www.ncbi.nlm.nih.gov/geo/) with Get GEO accession number GPL2911.
In our analysis, we used 9984 clones that were common to both chips. Chip 1 consists of 32 19 · 17 subgrids, and Chip 2 consists of 32 18 · 18 subgrids. The remaining 352 (i.e. 10 336-9984) and 384 (i.e. 10 368-9984) genes were different genes such as control and spiked genes that did not serve our interest. The main objective of the study was to identify the differentially expressed genes in hepatitis B virus (HBV) positive hepatocellular carcinoma (HCC) samples. HCC and adjacent control tissues, including those of liver cirrhosis and chronic hepatitis, were obtained from the patients.
Although the microarray experiment was performed under relatively controlled experimental conditions, many differences existed among the hospitals owing to different experimental procedures and laboratory conditions such as sample preparation, hybridization and image analysis. Table 1 summarizes some characteristics of the normalized datasets D1-D4. The chip type (1 and 2), labeling scheme, hospital and number of samples are shown in this table. Here, the data were normalized by locally weighted scatterplot smoothing (LOWESS; Cleveland, 1979) . For LOWESS normalization, the value of the span parameter was 0.75 and the tricubic function was used as a weight function. For robustness analysis, Tukey's biweight function was used. In each microarray, two different tissues were used for labelling Cy5 and Cy3. The fourth column in Table 1 summarizes the labelling scheme. A reference sample different from the other three experiments was used for D1, while the opposite labeling scheme was used for D4. In addition, Table 1 summarizes some descriptive statistics such as missing data proportion, mean of standard deviations (SDs) and median absolute deviations (MADs) of the normalized data. The missing data were generated if the background intensity was greater than the signal intensity of Cy5 or Cy3. Channel intensity was defined as the signal intensity subtracted by the background intensity.
These descriptive statistics reveal the existence of some differences among the four datasets. For example, the missing data proportions of D1 and D4 are >20%, where the missing data proportion was computed from all slides in the same dataset. After removing missing data, there were only 39 genes commonly appeared in all 133 slides. However, 8227 genes commonly appeared in >100 slides. The mean SD of D2 is considerably smaller than those of the other datasets. Figure 1 shows the box-plots of original intensities of Cy5 and Cy3 channels from all 133 slides. Each vertical line in Figure 1 shows the distribution of the original spot intensities. 'T' represents the tumor samples and 'C' represents the control samples. Combining multiple microarrays Figure 2 shows the summarized box-plots for these datasets. Figure 2a and b show the box-plots of mean intensities for the original Cy5 and Cy3 intensities, respectively. The boxes were drawn separately for the control and tumor samples. Here, from each slide, a single mean intensity was computed for all genes. As expected, many differences were observed among the four datasets. Particularly, dataset D4 had larger differences in the mean values between control and tumor samples than the other datasets. Figure 2c and d show the box-plots of missing proportions that were computed from each slide. Further, many differences were observed among the four datasets. Datasets D1 and D4, in particular, showed high rates of missing proportions.
In order to further explore the datasets, we applied the diagnostic plots to identify some outlying chips (Park et al., 2005) . The number of outlying chips is summarized in the last two columns of Table 1 . Figure 3 shows the scatterplots for the six outlying slides detected at a ¼ 0.05. The x-axis represents the log-transformed Cy5 channel intensity, and the y-axis represents the log-transformed Cy3 channel intensity. The scatterplots show quite distinct patterns from the usual Cy5 and Cy3 plots. In Section 3, we present the results of all data and the results after removing the six slides. Table 2 shows the structure of data for fitting the ANOVA model. For the i-th chip from hospital h, let y hi be the log-transformed ratio of the two channel intensities. Smith et al. (2003) explained why the logtransformed value should be used instead of the original intensity value for the cDNA microarray data. Let x T hi be a class variable for distinguishing the control and tumor tissues. Let x H hi and x C hi be class variables for the hospital and chip, respectively. For example, x H hi consists of two dummy variables representing the three hospitals. The ANOVA model accounting for the effects of the hospital and chip is given by the following equation:
where b T is the effect of the main interest representing the treatment effect between the control and tumor tissues. b H and b C represent the hospital effect and the chip effect, respectively. The main goal of fitting Model (1) is to explore the genes with significant b T that are differentially expressed between the control and tumor tissues. Note that all the effects in the model are assumed to be linear. The ANOVA model assumes that the error term e hi is normally distributed. However, we do not expect that this assumption to hold in the microarray experiments. Therefore, we propose a permutation test that does not require the normality assumption. In order to perform the permutation test more efficiently, we employed the following two-stage approach (Park et al., 2003) . The first stage is the accounting of the hospital effect and the chip effect by fitting the model with only these effects. The residuals from this model are then free from these effects but contain information pertaining to the treatment effect. The second stage uses the residuals to extract the treatment information by using the permutation test.
Stage 1. Fitting the ANOVA model without b T is given by the following equation:
Stage 2. Calculate residuals for Model (2):
Perform two sample permutation tests such as the t-statistic based on the information on treatment.
Stage 2 can be performed using SAM (Significance Analysis of Microarray) (Tusher et al., 2001) in which the error rate is controlled by the false discovery rate (FDR) (Benjamini and Hochberg, 1995) . Alternatively, the family wise error rate can be controlled by adjusting the p-values (Westfall and Young, 1993) .
Although the proposed method uses the permutation test that does not require the normality assumption, the performance of the proposed method would be better if the normality assumption is met, because r hi represent the residual effects after removing the effect of the factors of no interest under the normality assumption.
RESULTS
First, we analyzed each dataset separately by using the permutation test based on the two-sampled t-statistic. In Table 3 , the four columns under D1-D4 show the number of significant genes detected by separate analysis for each dataset. The next column under ALL slides provides the number of genes detected using the proposed ANOVA model. The numbers in parentheses under D1-D4 are the numbers of genes that were also detected by the ALL slides analysis. As the upper bound of FDR increases, the number of detected genes also increases for each analysis.
When the two-stage approach was applied to all datasets, we identified 78 differentially expressed genes between the tumor and control groups where the estimated FDR was 1%. In general, the proposed ALL analysis yielded a greater number of significant genes than that obtained using the separate analysis. Except D2, all other datasets rarely yielded significant genes even when the FDR value was 5%. Figure 4 shows the quantile-quantile (QQ) plot of the SAM result of (Tusher et al., 2001) . The x-axis represents the expected values of test statistics based on the permuted data. The y-axis represents the observed statistics from the data. Figure 4a shows the QQ plot for ALL analysis, and Figures 4b-e show the QQ plots for D1 to D4, respectively. The dots outside the dotted lines represent significant genes. Except D2, no other individual datasets showed any significant genes. The ALL analysis yielded a greater number of genes. In the five QQ plots, all lines have slopes close to one. Thus, the observed value of test statistic is close to the expected value, except for some genes in the left lower corner detected in D2 and ALL.
Combining the multiple datasets usually increases the power to detect the differentially expressed genes. Figure 2a provides some information on the reason behind the significant genes not being detected in other experiments, except D2, in the separate analysis. For example, D1 does not show any differences in the means of T. Park et al. control and tumor groups; D2 shows differences in the means with very small dispersions; and D3 and D4 showed some differences in the means but the SDs were too large for their significance to be detected. In order to see the effect of the outlying sides, we performed the analysis after removing (R) six outlying slides. As shown in Figure 3 , these six slides have characteristics that are quite different from the others. For the same FDR value, the number of genes is slightly larger than that of ALL analysis (Table 3) . Thus, the exclusion of six outlying slides increased the power of the test.
In addition, we analyzed the data using the classical F-test of Model (1) under the normality assumption. The number of significant genes detected using this test was smaller than that detected using the proposed method for the FDR value of 10% (Table 3) . The F-test also appeared to have smaller powers than the permutation test.
Finally, we analyzed the data by the meta analysis. First, we computed the effect size for each dataset and then performed the original SAM analysis to identify the differentially expressed genes. When the FDR value was 10%, the number of significant genes was smaller than that obtained by the proposed method. However, when the FDR value was 20%, the number of significant genes was larger than that obtained by the proposed method. With such a high FDR value, however, the results would not be reliable. The number in the parentheses also represents the number of genes that were detected by the ALL slides analysis.
The meta analysis result shown in Table 3 differs from that of Choi et al. (2003a) . In Table 3 , we applied the standard SAM for the estimated effect sizes. Thus, the significant genes were ordered in terms of their test statistics. The test statistics were compared to its expected values under the null hypothesis (Tusher et al., 2001) . As shown in Figure 4 , most significant genes have negative effects, that is, the selected genes are more highly expressed in control tissues than in tumor tissues. On the other hand, Choi et al. (2003a) used an ad hoc meta approach by fixing the threshold of the test statistics, e.g. j Z j > 2.5. The threshold was chosen for the preselected FDR value.
For the purpose of comparison, we performed the analysis of Choi et al. (2003a) . The results are summarized in Table 4 . For a given fixed FDR value, the threshold value of the proposed test statistic was determined. For example, when the FDR value was 20%, the threshold value of the proposed ANOVA test was 1.965. Unlike the ordinary SAM analysis, this ad hoc approach yielded a smaller number of significant genes for the proposed ANOVA test than that for the meta analysis. A total of 313 genes were identified by both methods. The proposed method detected additional 23 genes, whereas the meta-analysis detected additional 165 genes. A partial list of these genes detected by the meta-analysis were given in Choi et al. (2003a) . Table 5 shows the list of 21 known genes detected by both the methods when the FDR value was 1%. All the 21 known genes were downregulated in hepatocellular carcinoma (HCC) and covered a broad range of functional activities. The expression of some genes including C9, ADH1C, CYP2C9, HP, BHMT, TDO2, APOA1 and SLC22A1 is confined mainly to the liver, and in accordance with the previous reports, their downregulation reflected the derangement of liver function in HCC. The impaired expression of BHMT indicates a reduced capacity of the HCC tissue to catabolize homocysteine (Avila et al., 2000; Hoffman 1984 ). SLC22A1, one of the polyspecific organic cation transporters, showed reduced expression in HCC; this was in contrast to P-gp, which was elevated in both chemically-induced malignant neoplastic liver lesions and hepatocarcinoma cell lines. As shown in the case of progression of HCV-infected liver to HCC, CYP2C9 was downregulated in HCC caused due to infection of the liver with HBV (Tsunedomi et al. 2005) . PRRG2 contains the highly conserved residues implicated in gamma-carboxylation, an N-terminal Gla domain. The Gla residues within these Gla domains are produced by the posttranslational modification of specific glutamic acid residues by a vitamin K-dependent gamma-carboxylase. It is possible that PRRG2 downregulation is related to the abnormal gamma-carboxylation process observed in HCC (Huisse et al., 1994; Naraki et al., 2002) . Table 5 shows two interesting unexpected molecules that require further investigation because they may be the causal genes of HCC: UBE4A and SDCCAG1. Because the derangement of the 11q23 region containing the UBE4A gene is frequently involved in some specific cancers such as neuroblastoma and some types of leukemia (Contino et al., 2004) , the reduced expression of UBE4A, a U-boxtype ubiquitin ligase, in HCC suggests that UBE4A downregulation is critical for hepatocarcinogenesis. SDCCAG1, a mediator of nuclear export, was not expressed in five human lung carcinoma cell lines (Bi et al., 2005) . Table 6 shows the list of genes detected using the proposed ANOVA method when the FDR value was 5%. It shows several interesting genes that were not predicted by the meta-analysis but showed downregulation in the previous reports: C3, Ob-R (db, leptin receptor), DKK3 (REIC, DORGH-1) and CXCL12 (SDF-1alpha). The expression of Leptin and Ob-R was markedly reduced in hepato cellular carcinoma (Wang et al., 2004) . DKK3, an inhibitor of Wnt signaling, functions as a tumor suppressor and was downregulated in some cancers, including hepatocellular carcinoma (Hsieh et al., 2004) . CXCL12 downregulation during hepatocarcinogenesis was validated by immunohistochemical analysis (Shibuta et al., 2004) . Table 7 shows the number of significant genes with positive effects (+) and significant genes with negative effects (À). When the FDR value was 1%, both ANOVA and meta approaches yielded genes with negative effects. When the FDR value was 5%, the original SAM approaches yielded only genes with negative effects, while the ad hoc SAM approach yielded some genes with positive effects. Both ANOVA and meta approaches exhibited similar patterns. Table 7 also shows the existence of a greater number of downregulated genes. However, when we counted the total number of upregulated genes and downregrulated genes, the ad hoc SAM approach yielded 4998 '+' and 4986 'À' genes. Thus, these numbers are approximately same, which implies that only downregulated genes showed more significant effects. 
DISCUSSION
In this article, we propose a statistical model to identify genes that have different gene expression profiles in the presence of many controlling variables. The proposed ANOVA model is much more flexible than meta-analysis. One of the main limitations of meta-analysis is that it cannot handle the slide-specific covariates appropriately. The effect size in meta-analysis is simply the standardized mean difference between the tumor tissues and the control tissues. The simple differences for each hospital is then combined together to estimate the overall difference by using some random effects models. Since the mean value is computed for all tumor (control) slides, it cannot account for the effect of slide-level covariate (variable). For example, suppose a controlling variable Z has only values 1 and 2 in hospital 1, and 3 and 4 in hospital 2. Then, the usual meta-analysis cannot handle the controlling variable Z appropriately, because Z is unbalanced within hospitals. In microarray experiment, taking into account the individual characteristics in the analysis is of great importance. For example, the clinical covariates (variables) such as age, gender and tumor stage might be important controlling variables. These covariates are usually slide-specific and differ with each slide. The meta-analysis would lose slide-specific information by computing the mean values for all slides from the same hospital. Thus, it may ignore the slidespecific controlling variables. On the other hand, the proposed ANOVA model is capable of handling slide-specific information because it can include all slide-specific covariates (variables) in the model. As a result, the proposed model can easily control or adjust for the covariates, irrespective of whether they are hospital-specific or slide-specific.
Furthermore, the proposed ANOVA model can provide some additional information. For example, if we are interested in determining the existence of some genes related to liver tumors in a specific hospital, it can be achieved by adding an interaction term between the hospital and treatment. In addition, if we are interested in determining whether certain specific genes are more strongly expressed in a specific chip type, it can be achieved by adding an interaction term between the chip and treatment.
In the LOWESS-normalized 133 slides, the dispersion of distributions differed among the four datasets (Fig. 1) . In a further analysis, we performed the weighted ANOVA analysis to account for these variabilities. However, the results were not considerably different from those of the original ANOVA analysis.
